Abstract-While frequency response analysis (FRA) technique has been successfully used to assess the mechanical integrity of active parts within power transformers, it still exhibits some drawbacks including its inability to detect incipient and minor winding deformations and the requirement for an expert to analyze the results. Although several papers have investigated the impact of various faults on the transformer FRA signature, no attempt was made to automate and improve the fault detection accuracy of the current technique. The main contribution of this paper is the presentation of a new approach for the FRA technique through incorporating the magnitude and phase angle plots that can be measured using any commercial frequency response analyzer into one polar plot. Contrary to the current industry practice that only relies on the magnitude of the measured FRA signature for fault identification and quantification, the proposed polar plot that comprises more features than the magnitude plot will facilitate the use of digital image processing (DIP) techniques to improve the detection accuracy, standardize, and automate the FRA interpretation process. In this regard, three-dimensional models for two three-phase power transformers of different ratings, sizes, and windings structures are modeled using a finite element analysis technique to simulate various levels of axial displacement (AD) and disk space variation (DSV) at different locations of the transformer windings. Impact of minor fault levels on the proposed polar plot signature is investigated through the application of various DIP techniques. Simulation results are validated through practical measurements on a scaled-down transformer. Results show that the proposed polar plot along with the DIP technique is able to detect minor fault levels of AD and DSV with high accuracy.
Abstract-While frequency response analysis (FRA) technique has been successfully used to assess the mechanical integrity of active parts within power transformers, it still exhibits some drawbacks including its inability to detect incipient and minor winding deformations and the requirement for an expert to analyze the results. Although several papers have investigated the impact of various faults on the transformer FRA signature, no attempt was made to automate and improve the fault detection accuracy of the current technique. The main contribution of this paper is the presentation of a new approach for the FRA technique through incorporating the magnitude and phase angle plots that can be measured using any commercial frequency response analyzer into one polar plot. Contrary to the current industry practice that only relies on the magnitude of the measured FRA signature for fault identification and quantification, the proposed polar plot that comprises more features than the magnitude plot will facilitate the use of digital image processing (DIP) techniques to improve the detection accuracy, standardize, and automate the FRA interpretation process. In this regard, three-dimensional models for two three-phase power transformers of different ratings, sizes, and windings structures are modeled using a finite element analysis technique to simulate various levels of axial displacement (AD) and disk space variation (DSV) at different locations of the transformer windings. Impact of minor fault levels on the proposed polar plot signature is investigated through the application of various DIP techniques. Simulation results are validated through practical measurements on a scaled-down transformer. Results show that the proposed polar plot along with the DIP technique is able to detect minor fault levels of AD and DSV with high accuracy.
Index Terms-Axial displacement (AD), digital image processing (DIP), disk space variation (DSV), transformer frequency response analysis (FRA).

I. INTRODUCTION
P
OWER transformer is one of the key assets in the electricity grid that should be carefully monitored in order to maintain the reliability of transmission and distribution networks. Among the condition monitoring and fault diagnosis techniques currently used by industry to assess the health condition of power transformer, frequency response analysis (FRA) has been widely accepted as a reliable tool to detect internal transformer mechanical deformations that could result due to short-circuit faults or transformer oil combustible gas explosions [1] , [2] . The FRA technique was developed based on the fact that all transformer elements including active parts and insulation system can be modeled as a cascaded network of resistive and inductive/capacitive reactance components [3] . As these components are frequency dependent, its value will change in a unique way due to any particular variation in the physical structure of the transformer [4] . FRA can detect this change thorough taking the investigated transformer out-of-service and applying a sweep frequency voltage of low amplitude to one terminal of a transformer winding and measuring the response across the other terminal of the winding with reference to the earthed tank [5] . The measured FRA signature is provided as a magnitude and phase angle plots of the winding impedance, admittance, or transfer function (TF) (V out /V input in dB) in a wide frequency range. While the FRA measurement is standardized because of the development of various commercial analyzers, interpretation of FRA signature still requires a highly specialized personal as there is no interpretation code published and widely accepted yet [6] . This may lead to inconsistent interpretation for the same FRA signature. Furthermore, current FRA technique is not able to detect incipient and minor winding deformations within power transformers. Although a transformer can continue work normally with such minor winding deformation, it is essential to detect and take appropriate maintenance action at early stage due to the progressive nature of such faults to avoid any catastrophic failure to the asset [3] . While many papers investigating the impact of various winding deformations on the conventional FRA magnitude plot can be found in the literature, no attempt has been made to improve its accuracy to detect incipient and minor deformations [5] , [7] . A few studies have been conducted in order to ease the interpretation process of the transformer FRA signature through calculating various statistical indicators, such as correlation coefficient (CC), standard deviation, and the absolute sum of logarithmic error (ASLE) [8] , [9] . The CC, however, may lead to a wrong correlation between the two investigated signatures under certain circumstances and is considered as an inadequate parameter for FRA interpretation [9] . On the other hand, standard deviation fails to reflect the information scattered around the low magnitudes of the FRA signature and only the peaks differences of the two investigated signatures will dominate the calculated value, which may result in a wrong interpretation outcome [10] , [11] . The ASLE was introduced to realize a full logarithmic scaled comparison between two FRA signatures [12] . However, the reliability of using ASLE indicator in FRA interpretation has not been accepted yet and it requires further investigation [13] . The key contribution of this paper lies in introducing a new FRA signature for power transformers based on the incorporation of the magnitude and phase angle plots of the measured signal into one polar plot that involves more features than the conventional magnitude plot, which is currently used for fault identification. In addition, the paper is aimed at utilizing the rapid advancement in digital image processing (DIP) techniques to standardize, automate, and enhance the accuracy of the FRA interpretation process. The feasibility of the proposed approach is assessed through the detection of minor fault levels of winding axial displacement (AD) and disk space variation (DSV) faults simulated using finite element analysis (FEA) technique on two three-phase transformer models of different ratings (10 kVA and 40 MVA), sizes, and winding structures. Simulation results are validated through practical laboratory measurements on a scaled-down transformer.
II. POWER TRANSFORMER MODELING USING FEA
FEA is a computerized technique developed to model complicated systems within multifields environment to emulate real system operation [14] , [15] . Two three-phase delta-wye and wye-wye transformers of ratings 10 kVA and 40 MVA that have different physical dimensions and winding structures are modeled using FEA. The physical dimensions of the two transformers under investigation are illustrated in Fig. 1 modeled as a continuous layer of 140 turns. On the other hand, the windings of the 40 MVA transformer (ONAN-cooled, 66/11kV) are structured in a circular form. HV winding consists of 10 disks with 120 turns per disk and the LV winding is made of a singular layer of 200 turns. The insulation system of both transformers is implemented using Kraft paper and mineral oil [16] .
The three-dimensional (3-D) models of both transformers are solved in magnetostatic, electrostatic, and eddy current solvers using Maxwell equations to extract the inductance, capacitance, and resistance matrices of the relevant transformer components, which are listed in Table A-I in the appendix. The methodology used in the calculations is explained in depth in [17] and [18] .
III. PROPOSED FRA POLAR PLOT SIGNATURE
The conventional FRA signatures of the two transformer models are obtained by connecting a low-amplitude ac voltage source (10 V) of a variable frequency (V in ) at one terminal of the transformer winding, and measuring the response signal at the other terminal of the same winding (V out ) while other phases are left open circuited. The TF of each phase within the HV and LV windings of the two transformers is calculated in a wide frequency range (up to 1 MHz) and plotted as magnitude (in dB) and phase angle (in degrees), as shown in Figs. 2 and 3 , respectively. At low-frequency range and due to the fact that flux penetration to the core is significant within this range, the signature is characterized by the transformer inductive components, whereas at higher frequency range, the distributed capacitive components tend to shunt the winding inductance as can be shown in the phase angle that fluctuates between ±90°. The FRA signature should be measured for new transformers prior commencement into service to compare any future signature with. Any variation in the FRA signature indicates a fault within the transformer. If the finger print is not available for old transformers, comparing the transformer FRA signature with the signature of sister transformer is to be adopted. Phase-to-phase comparison may also be used to detect any variations.
As can be seen in Figs. 3 and 4 , the three-phase FRA signatures of the LV and HV windings are identical except for the middle limb (phase B) that tends to the left in the frequency range less than 10 kHz, which is attributed to the slight difference in the magnetic flux of the middle limb compared to the other two limbs (phases A and C). Although the FRA signature trend of the 10 kVA and 40 MVA transformers is similar, slight differences in the resonance peaks of the two transformers can be noticed, which may be attributed to the difference in transformer ratings, sizes, and windings structures. In spite of the fact that all commercial frequency response analyzers provide the FRA signature as magnitude and phase angle, only magnitude plot is currently used to detect various mechanical faults within the transformer. The new FRA signature proposed in this paper relies on incorporating the magnitude and phase angle of the measured FRA signature in one polar plot, as shown in Fig. 4 . The proposed polar plot comprises most of the features of the measured signal and can facilitate the application of DIP techniques. Each point on the polar plot involves three specific details about the measured FRA signature, the magnitude r that is measured from the origin, and the phase angle θ that is measured with respect to the x-axis at a particular frequency value f which varies from 10 Hz to 1 MHz [19] , [20] . In Fig. 4 (a), any point a i on the polar plot signature is a function of (f i , r i , θ i ). Fig. 4 reveals that the polar plot signatures of each winding within the 10 kVA and 40 MVA transformers are almost identical in their geometrical structures. However, the polar plot signatures of the HV windings are characterized by larger entire area and longer contour than that of the LV windings, which may be attributed to the difference in winding design and equivalent electrical parameters as can be observed from Table A-I in the appendix.
IV. DIP TECHNIQUES
DIP aims at improving the interpretation of pictorial information based on developed computer algorithms [21] . The digital image [A] is represented by a 2-D matrix (M×N), which consists of a finite number of digital values (pixels). Any point on the proposed polar plot is represented as {a(i, j)}, where |a| represents the image intensity at a point that has spatial location of (i,j) with respect to the (X,Y) coordinates.
An image can be well described through some unique features, such as geometric dimensions, invariant moment, and texture analysis that could be extracted from the image using DIP techniques [21] - [24] . To increase the accuracy of the proposed DIP technique, the aforementioned three features are extracted from the proposed polar plot as per the flowchart in Fig. 5 . The proposed DIP technique can be built within commercial frequency response analyzers to extract the polar plot data and analyze it. The preprocessing stage is aimed at adjusting image dimension size, color format, and extension type to ease sensing the image in electronic systems [21] . Segmentation process is used to divide the image into several parts to eliminate unwanted effects, such as image noise and background and to obtain the required object within the image using edge detection algorithm, such as the improved Canny edge detector [25] , [26] . The detected FRA polar plot is manipulated to extract four geometric dimensions features and 11 combined features of invariant moment and texture analysis techniques [22] , [23] . The extracted features are analyzed to calculate three unique metrics: city-block distance (CBD), root mean square (rms), and image Euclidean distance (IED) [27] . Similar to the conventional FRA process, the three metrics are to be calculated for new transformers and considered as a reference dataset for future comparison. The classification stage shown in Fig. 5 is aimed at identifying fault type, level, and location within the investigated transformer through comparing polar plot extracted features with the reference dataset [27] .
The geometric dimension technique extracts four features from the polar plot image including entire area g 1 , outer contour perimeter g 2 , centroid coordinates g 3 , and the length of minor and major axes of the outer contour g 4 based on the equations listed in Table A -II in the appendix [21] .
The invariant moment is a powerful DIP technique as the seven extracted features using this technique are independent on the image scale, rotation or translation [23] . The seven features of the invariant moment technique are measured based on order moment m pq , central moment μ pq , and normalized moment η pq of the image function f(x,y) as detailed in [23] . The formulas used in calculating invariant moment features are listed in Table A -III in the appendix.
Texture analysis technique can provide information about the intensity of the investigated polar plot signature. Four texture features are extracted from the processed image, including correlation feature τ 1 that measures the correlation between the pixel and its neighbors over the entire image, homogeneity feature τ 2 that measures the spatial closeness of the image distribution elements to the diagonal elements, contrast feature τ 3 that calculates the contrast between pixel and its neighbor over the entire image, and energy feature τ 4 that measures entire image uniformity [22] . Table A-IV in the appendix lists the equations of the texture analysis technique.
The proposed polar plot along with the above DIP techniques is applied to detect minor fault levels of transformer windings AD and DSV as will be elaborated below.
V. DETECTION OF AD AND DSV
Transformer winding AD may be resulted due to the imbalanced magnetic forces between the HV and LV windings due to short-circuit faults [2] , [3] , [5] . Due to the progressive nature of AD, incipient fault levels should be detected and a remedial action should be taken as soon as possible to avoid any further consequences. Fig. 6 shows a schematic diagram for the AD fault within phase A of the HV and LV windings of both investigated transformers, while Fig. 7 shows the configuration for DSV fault within the HV winding of both transformers.
The FRA polar plot signatures of the healthy HV and LV windings of the two investigated transformers (see Fig. 4 ) are manipulated using the developed DIP techniques to extract four As shown in Table I , the four extracted features representing the physical dimensions of the investigated polar plot of the HV winding are higher than the corresponding features of the LV winding within both transformers. On the other hand, Table II shows that the 11 combined features of the HV winding are less than the corresponding features of the LV winding, except for features τ 1 and Φ 2 that always equals zero and hence is omitted from upcoming calculations. Tables II and III indicate that all features of the 40 MVA transformer are higher than the corresponding features of the 10 kVA transformer.
Based on the previous studies [7] , [17] , [18] , transformer windings mechanical deformations are considered minor if the fault level is within the range 1% to 5%, whereas above 5% the fault is considered at moderate or major level. 
The impact of 1% to 5% of AD faults on the conventional FRA signature (magnitude of the winding TF) of the 10 kVA transformer HV and LV windings is shown in Fig. 8 , which reveals the difficulty to detect such minor faults using the conventional FRA approach. In order to overcome this drawback, the proposed FRA polar plot signatures for the same fault levels are obtained as shown in Fig. 9 that are analyzed using the developed DIP techniques to extract various image features as given in Tables III and IV. Table III reveals that the four geometric dimension features are increasing with the increase in fault level. On the other hand, Table IV shows that while features 1, 5, 6, 9, 10, and 11 decrease with the increase in fault level, features 3, 4, 7, The CBD, rms, and IED are calculated based on the extracted features and are depicted in Fig. 10 . As can be seen in the figure, the CBD and IED metrics are increasing, while the rms metric is decreasing with the increase in the AD level, which can be used to quantify the fault level. Also, Fig. 10 shows the proposed threshold limits for the three metrics in which a minor AD is considered if at least one of the three metrics lies between its designated minimum and maximum limits. If any metric exceeds its designated maximum limit, a major AD may be reported. All calculated metrics should be less than the minimum limit to report the insignificant fault level.
2) DSV Fault: A DSV fault is simulated at different locations within phase A of the HV winding: top (disk1), middle (disk 3), and bottom (disk 6) with five minor fault levels (1% to 5%).
The DSV fault level is defined as % DSV Fault level = Disk space variation length (Δh) Disk height (h) × 100%.
The impact of the investigated DSV fault levels within the top, middle, and bottom locations of the HV winding on the conventional FRA signature is shown in Fig. 11 . Similar to the AD case study, minor DSV are extremely hard to be identified and quantified using conventional FRA signature. The impacts of DSV fault of the same levels and locations on the proposed polar plot signature are obtained as shown in Fig. 12 that are processed using the developed DIP techniques to extract the geometric dimension features and the 11 combined features of invariant moment and texture analysis techniques, as listed in Tables V and VI, respectively. These tables indicate that the extracted features of this case study are characterized by a similar trend to that of the AD fault where the CBD and IED are increasing, while the rms metric is decreasing with the increase in DSV fault level.
Results also show that the value of the CBD and IED metrics is increasing, while RMS is decreasing when the fault moves toward the bottom of the winding as shown in Fig. 13 , which also shows the proposed threshold limits that could be used to identify the location and quantify the level of minor DSV faults. Fig. 13 reveals the ability of the proposed approach to identify the DSV fault location within the HV winding without overlapping among the obtained metrics trends. Although results of the DIP technique show the same trend for the two investigated fault types (AD and DSV), it can be observed that for the same fault level, the value of the CBD and IED is higher in case of DSV than that of the AD, while the rms value is less for DSV fault. This could be used as a key to distinguish the two types of faults.
B. Case Study 2: 40 MVA Transformer
The impact of the transformer rating, size, and winding structure on the proposed technique is investigated by simulating the same fault levels and locations studied above on the 40 MVA transformer.
1) AD Fault: AD fault with five minor levels (1% to 5%) is simulated using FEA on phase A of the HV and LV windings of the 40 MVA transformer and the FRA signature is obtained for each fault level and compared with the transformer healthy signature (magnitude of the TF) that is shown in Fig. 3(a) . Similar to the previous case study, the impact of minor AD fault levels within the LV and HV windings of the 40 MVA are found to be extremely hard to detect using the current conventional FRA interpretation approach. The proposed polar plots are obtained and analyzed using the developed DIP techniques for all investigated fault levels to extract 15 features of the polar plot image, as given in Tables VII and VIII. As can be noticed in these tables, the trend of the extracted features of the investigated AD fault levels is similar to that of the 10 kVA transformer; however, the extracted features are larger in case of the 40 MVA transformer. The threshold minimum and maximum levels of the three calculated metrics are illustrated in Fig. 14, which shows that while the CBD and IED metrics are increasing with the increase in fault level, the rms metric is decreasing.
2) DSV Fault: DSV with minor fault levels are simulated within various locations including top (disk 1), middle (disk 5), and bottom (disk 10) of the 40 MVA transformer HV winding. Polar plots are obtained and analyzed using the developed DIP techniques. Extracted features for this case study are given in Tables IX and X. The three metrics, CBD, rms and IED, are calculated to identify the threshold minimum and maximum limits for each level/location of DSV fault within the HV winding, as shown in Fig. 15 which reveals the ability of the proposed approach to detect DSV fault level and location without overlapping among the proposed limits. Similar to the analysis of the DSV fault for the 10 kVA transformer, the same trend for the calculated metrics is observed for each level and location with larger values in case of the 40 MVA transformer.
It is worth mentioning that, in case of overlapped values in any of the calculated metrics, the DSV fault location can be still identified within the top, bottom, or middle section of the winding. The error in identifying the exact faulty disk within the winding will be very small as the height of each section is relatively small (14.14 cm in case of 10 kVA transformer and 40 cm in case of 40 MVA transformer). 
C. Case Study 3: Combined AD and DSV Faults
In this case study, the impact of a combined fault comprising AD and DSV faults when simultaneously occur within the HV winding on the proposed approach is investigated.
FEA is used to simulate 5% AD level along with 5% DSV at the middle disk of the HV winding of both transformers. The polar plot signatures for the 10 kVA and 40 MVA transformers are obtained and processed using the developed DIP code to extract the 15 image features. These features are characterized by a similar trend as the previous cases and are used to calculate the three proposed metrics (listed in Table XI ). It can be observed that the change in the CBD, rms, and IED parameters is significant when compared with the impact of each individual fault as shown in Fig. 16 .
D. Case Study 4: Practical Validation
To investigate the practical feasibility of the proposed approach and validate the above simulation results, a practical 5% AD fault is implemented on phase A of the LV winding of a scaled-down three-phase delta-wye 7-kVA, 440/55-V, 50-Hz dry-type transformer. The FRA polar plot signature is measured through commercial frequency response analyzer for both healthy and faulty winding conditions. The hardware transformer model is also simulated using FEA to compare the practical and simulation results. The obtained polar plots using prac- tical measurement and simulation analysis are processed using the DIP code to extract the proposed 15 image features which are used to calculate the three metrics. The trend of the three metrics CBD, rms, and IED is found to be similar to that of the 10 kVA and 40 MVA transformers with change in magnitudes, as can be observed in Table XII .
VI. COMPARISON BETWEEN THE PROPOSED AND STATISTICS-BASED TECHNIQUES
As mentioned in Section I, interpretation of FRA magnitude signature based on calculating some statistical parameters, such as CC and ASLE, are not reliable as stated in several publications in the literatures [7] - [12] . To prove this claim, the FRA where X i and Y i are the ith elements of the reference and healthy signatures, respectively, whereas n is the total number of selected points in the frequency response signature. Table XIII shows the calculated statistical indicators (CC and ASLE) along with the DIP metrics (CBD, rms, and IED) of the AD faults for five levels (1% to 5%). While Table XIII shows a CC between the healthy and faulty signatures less than 1 (perfect correlation) for all fault levels, results are not consistent with the fault level, e.g., 5% fault level reveals higher CC than the 4% fault level. On the other hand, ASLE indicator should be zero when the two investigated signatures are perfectly correlated. As can be seen in the table, the ASLE indicator is not consistent with the fault level either as for fault level 5%, the calculated value is less than that for fault levels 2%, 3%, and 4%. These results agree well with the previously published papers in the literature, which reveal the inaccuracy of using these indicators in the interpretation process of the FRA signatures [11] - [13] . While these statistical indicators can be easily built within commercial frequency response analyzers, fault identification and quantification based on these techniques is not reliable and is extremely hard. Contrary to the CC and ASLE indicators, the automated image features based indicators CBD, rms, and IED metrics reveal a consistent trend with the fault level as can be observed in Table XIII. Table XIV summarizes the advantages of the proposed DIP-based technique over existing conventional and statistical FRA interpretation techniques.
VII. IMPLEMENTATION OF THE PROPOSED TECHNIQUE
The proposed technique can be easily built within any commercial frequency response analyzer and the FRA measurement along with the interpretation process can be automated onsite. Similar to current industry practice for the conventional FRA technique, the reference dataset for healthy transformer can be identified through several options as listed below.
1) FRA testing is strongly recommended for new transformers prior connecting it to the network and hence reference dataset can be easily identified. It is expected that a pool of reference dataset will be readily available for standard power transformers in the future. 2) For old transformers, it is not recommended to obtain the healthy reference dataset from FRA practical measurement as these transformers may have already developed an internal fault. In this case, other comparison technique such as comparing polar plot image features of identically constructed transformers or a transformer phase-to-phase comparison has to be adopted for diagnosis. It is expected that all phases within the same transformer have almost identical polar plot features and any significant deviation among these features can be considered as an indication of fault. 3) Alternatively, windings reference polar plot features can be obtained through the 3-D finite element model of the investigated transformer as discussed in this paper. If the physical dimension and design data required for FEA are not available, polar plot can be obtained from the transformer high-frequency model. The electrical parameters of this model can be estimated based on evolutionary algorithms using nonphysical dimension data, such as the magnitude and phase angle of the voltage and current that may be acquired from transformer nameplate data [28] - [30] .
VIII. CONCLUSION
This paper presents a new interpretation approach for power transformer FRA based on polar plot and DIP techniques. Contrary to the current conventional approach that relies on the level of personnel expertise that may lead to different conclusions for the same FRA signature, the proposed technique can be implemented within any commercial frequency response analyzer to automate and standardize the whole process. Moreover, the proposed technique is able to quantify minor fault levels and identify its location which is considered as the main drawback of the conventional FRA technique. DIP code is developed to extract unique geometric dimensions, invariant moment, and texture analysis features from the proposed polar plot signature. The extracted features are used to calculate three metrics: CBD, rms, and the image Euclidean distance to determine the threshold minimum and maximum levels of AD and DSV of two transformers of different ratings, sizes, and winding structures. Simulation results are validated through practical application of the proposed approach on a scaled-down transformer. While the feasibility of the proposed technique is validated through its applications to detect AD and DSV, the approach can be extended to detect other mechanical faults within power transformers. 
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